Abstract For empirical analysis and policy-oriented recommendations, the precise measurement of individual health or well-being is essential. The difficulty is that the answer may depend on individual reporting behaviour. Moreover, if an individual's health perception varies with certain attitudes of the respondent, reporting heterogeneity may lead to index or cut-point shifts of the health distribution, causing estimation problems. An index shift is a parallel shift in the thresholds of the underlying distribution of health categories. In contrast, a cut-point shift means that the relative position of the thresholds changes, implying different response behaviour. Our paper aims to detect how socioeconomic determinants and health experiences influence the individual valuation of health. We analyse the reporting behaviour of individuals on their self-assessed health status, a five-point categorical variable. Using German panel data, we control for observed heterogeneity in the categorical health variable as well as unobserved individual heterogeneity in the panel estimation. In the empirical analysis, we find strong evidence for cut-point shifts. Our estimation results show different impacts of socioeconomic and health-related variables on the five categories of self-assessed health. Moreover, the answering behaviour varies between female and male respondents, pointing to gender-specific perception and assessment of health. Hence, in case of reporting heterogeneity, using selfassessed measures in empirical studies may be misleading and the information needs to be handled with care.
Introduction
The measurement of individual health or well-being is challenging and sufficiently complex to be on the agenda of health econometrics. Empirical studies use various categorical measures such as self-assessed health, health satisfaction or health worries (see e. g. [1, 2] ) and attempt to make individual health measurable through subjective health variables. In surveys, an individual takes his/her true health status into account when asked to report health. If all individuals have the same understanding of health-related questions, self-assessed health would reflect true health and can therefore serve as a valid indicator. However, problems occur when individuals vary in their reporting behaviour and as a consequence, self-assessed health deviates from the underlying true health. Possible sources for heterogeneous reporting behaviour are related to the wording in the questionnaire, an interviewer bias or even to the individual perception of true health and of the related questions. Hence, the classification into a response category (good, fair, low, etc.) may systematically differ across population sub-groups resulting in reporting heterogeneity and estimation problems. Thus, neglecting these possible sources of heterogeneity may lead to an over-or underestimation of health effects making policy recommendations unreliable. Moreover, the answer to questions about self-assessed health will possibly vary depending on the perception of the underlying ''true'' level of health. Only in the case that all individuals have the same understanding of health-related questions, self-assessed health would be a valid indicator of the underlying objective or true health. Apart from that, self-assessed health will deviate from true health.
The aim of this paper is to assess the relevance of reporting heterogeneity and to implement a new procedure to identify variables that differentiate in reporting behaviour. Therefore, estimation techniques for panel data are applied together with an approach to reveal observed heterogeneity in self-assessed health. As known from the literature, health care utilization, health behaviour and the prevalence of various forms of diseases are gender specific and lead to differences in life expectancy. Thus, it is evident to analyse gender differences with respect to their valuation of health.
In the empirical analysis, we use panel data from the German SAVE study that include a categorical measure of self-related health and several questions about the individual experience with severe or chronic diseases. The latter factors serve as a kind of objective health measure indicating deviations between true and reported health. To analyse these deviations and to detect factors causing heterogeneity, we apply a random effects generalized ordered probit model. With this framework, it is possible to identify observed as well as unobserved heterogeneity and to test for shifts in the distribution of self-assessed health.
The remainder of the paper is organized as follows: Section ''Literature review'' focusses on the literature dealing with reporting heterogeneity in self-assessed health. In the following chapter, we describe the dataset and discuss the relevant estimation techniques followed by the presentation of the results in chapter four. The last section summarizes the findings and discusses possible extensions for future research.
Literature review
The literature on the application and interpretation of health indicators such as self-assessed health in empirical research is widespread. One strand of literature emphasizes problems of measures of self-reported health related to income inequality, labour supply and retirement decisions. The retirement decision is affected by a possible endogeneity of health that may be driven by different valuations of individual health. The focus of another strand is on methodology issues, i.e. questions concerning data analysis or how to capture heterogeneity in self-reported health through different estimation techniques.
Butler et al. [3] discuss a potential measurement error in self-reported health with respect to work behaviour. They analyse the relationship between a subjective measure of self-reported health and a clinical or true indicator covering symptoms of arthritis using the 1978 US Survey of Disability and Work. Empirical evidence of generalized least squares estimations shows that working individuals are more likely to report their health correctly. The same results are obtained for high school education and higher income. However, even if self-reported health seems to be positively correlated with true health, potential measurement errors may occur due to socioeconomic characteristics like labour force status or education.
Taking these results into account, Bound [4] takes a closer look at the difference between self-reported and objective measures of health (e. g. specific health conditions or limitations or doctors' reports) for the retirement decision. Data comes from the Retirement History Survey. He uses labour force participation for the year 1969, questions on self-assessed health and the date of death as a more objective measure of health. In contrast to Butler et al., the results show that the self-reported health is not a valid indicator and the statistical model is not identified. As long as the objective measure is imperfectly correlated with current health status, the problem of endogeneity and measurement errors cannot be solved simultaneously. Based on this evidence, Disney et al. [5] assume endogeneity to be present when analysing the effects of health on the retirement decision. The data used in the analysis is the British Household Panel for the years 1991-1998. They apply an ordered probit model of self-assessed health and instrument this variable with personal characteristics and health indicator variables as explanatory variables. The latter contain variables that cover limitations in daily living and suffering from diagnosed diseases. The authors treat the predicted values of this model as an objective measure of true health (health stock) that enters the retirement equation to mitigate a possible endogeneity problem. They find that this procedure is superior to other approaches and both, lagged and current health, affect the retirement decision.
Kerkhofs and Lindeboom [6] analyse labour supply and retirement decisions addressing the endogeneity of health measures. Precisely, the authors base their analysis on the assumption that the endogeneity is driven by systematic misreporting in subjective health questions (state-dependent reporting bias). Using Dutch data (Centre for Economic Research on Retirement and Aging, wave I) for the year 1993, they estimate ordered response models that allow the thresholds for subjective health to vary across exogenous variables. In their analysis, they use an objective health measure depending on various health problems. The results suggest that labour market status is the main factor of misreporting behaviour. Especially, individuals receiving disability allowance show large and systematic reporting errors. They conclude that subjective health measures lead to biased estimates. As a consequence, more specific and therefore objective health indicators should be used instead of self-reported measures. Lindeboom and Kerkhofs [7] present an extension of their previous study using Dutch Panel data (Centre for Economic Research on Retirement and Aging, wave I and II). In their model, they estimate a simultaneous model of labour supply together with a health production model. In this context, the reporting bias of self-assessed health is considered. The results indicate that there is variation in reporting health problems. Especially in the case of disabled personswhere health problems cause limited ability to work-a strong reporting bias is shown.
More recently, Ziebarth [8] analyses reporting health heterogeneity in the context of income inequality (concentration index as a form of inequality measure). Data source is the German Socio-Economic Panel Study (SOEP) for the year 2006. He finds that self-assessed health goes along with the highest degree of income inequality. If alternative generic health measures (e.g. the SF12) are used, the concentration index and hence the inequality are significantly lower. Furthermore, more objective measures such as grip strength show a lower degree of incomerelated reporting heterogeneity.
To sum up the findings of this first strand of literature, there exist differences between self-reported and the latent ''true'' health. Empirical results suggest that the misreporting is driven by education and employment status. This implies that heterogeneity in health reporting has to be taken into account using more objective health measures. Such objective measures can be based on illness diagnoses and aspects of daily limitations. As medical diagnoses are rarely included in questionnaires, one way could be to use experiences in dealing with diseases.
The second strand of the literature is more methodology based and analyses the presence of cut-point and index shifts in self-reported health. Heterogeneous reporting behaviour could be interpreted in a way that different population sub-groups use different reference points when answering health-related questions. First, an index shift may occur if the reporting behaviour leads to a parallel shift of the thresholds while the relative position of the categories remains unchanged [9] . Second, with a cut-point shift, the thresholds are affected differently by the response behaviour.
Lindeboom and van Doorslaer [9] as well as van Doorslaer and Jones [10] study the relation between selfreported and objective health (health utility index mark III (HUI3)), for a wide range of population sub-groups using the first wave of the Canadian National Population Health Survey (1994) (1995) . Lindeboom and van Doorslaer [9] present a framework for identifying cut-point and index shifts and find evidence for both kinds of shifts depending on sub-groups for age and gender but not on income, education or language skills. Van Doorslaer and Jones [10] apply the question of measurement errors to the field of income-related health inequality and reporting problems of self-assessed health. The differences in the thresholds may be influenced by age, gender, education, individual experience with illness and the health care system. They find that an interval regression approach outperforms other methods and should be used to measure and decompose health inequality. Both studies find evidence that subgroups of the population might use systematically different thresholds in classifying their health into a categorical measure even if the underlying true health is at the same level.
In contrast, Bago d'Uva et al. [11] concentrate on the application of anchoring vignettes. 1 They use the WHO Multi-Country Survey Study on Health and Responsiveness (2000) (2001) . They focus on three Asian countries (Indonesia, India and China) and test whether homogeneous (ordered probit) or heterogeneous (hierarchical ordered probit) reporting behaviour exists. A first result is that homogeneous reporting could be ruled out for all countries under review as well as a parallel shift of the reporting thresholds. This implies that the assessment of health categories will differ between countries. Regarding heterogeneous reporting, they assume that the cut-point shifts can be identified with the use of the external vignettes information. Overall, socioeconomic differences in health reporting are present for all countries in the sample.
Finally, there are three studies using methodology similar to our approach. From an international perspective, Jürges [13] explores the differences in true vs. reported health using data from the Survey of Health, Ageing and Retirement in Europe (SHARE) for the year 2004. To compare health across countries, he uses 15 diagnosed physical conditions and computes a disease index as a proxy for true health from an ordered probit regression. In addition, he constructs disability weights by relaxing the assumption of the ordered probit model. Therefore, the focus is on the estimation of a generalized ordered probit model where the thresholds may depend on fixed country effects. For the ten countries in the sample, he finds that self-reported health shows large cross-country differences. The variation can be reduced if self-reported health distributions are assumed to possess an identical underlying response style. This means that cross-country variation depends to a certain degree on differences in reporting styles.
A generalized ordered probit model is also applied by Etilé and Milcent [14] . With French data from 2001, they test for income-related reporting heterogeneity in self-assessed health. They view self-assessed health as a biased measure of clinical health (the target outcome for public health policies) and decompose the income effect on SAH first into a health production effect and second into an effect reflecting heterogeneity. The results provide evidence of a convex relationship between reporting heterogeneity and income. They conclude that rich individuals reveal an optimism bias, whereas answers of poor respondents to health questions are affected by pessimism.
In contrast to Etilé and Milcent, Hernández-Quevedo et al. [15] use 11 waves from the British Household Panel Survey to detect effects of different wordings in questionnaires. One characteristic of the BHPS is that in wave 9 the wording of the self-assessed health question changed. Therefore, the remainder of the paper is on the existence of index and cut-point shifts. In their estimation approach, they use the full-panel specification only in an ordered probit model but use pooled data in the generalized ordered probit model where cut points are allowed to vary across individuals. The results suggest the existence of an index shift in wave 9, but no evidence is found for a cut-point shift due to the different wording on self-reported health.
The implications from the methodological literature can be summarized as follows: most studies concentrate on the identification of a cut-point shift in the distribution of self-reported health. There is broad evidence for such a shift depending on explanatory factors such as income, age and gender. On the contrary, evidence for an index shift is only found for changes in the questionnaire on health. Most of the recent studies employ generalized ordered probit models to account for variation in the thresholds. As a shortcoming, these studies rely on cross-section or pooled data and omit the possibility to account for unobserved heterogeneity through panel data methods.
Our paper aims at filling this gap by applying a random effects generalized ordered probit model to the question of reporting heterogeneity in self-assessed health. We make use of the German SAVE study and use panel data for 3 years. We allow the individual cut points to vary across categories and test for explanatory factors causing the heterogeneity. In our empirical specification, the individual assessment ''good or bad health'' may be fundamentally different depending on individuals' socioeconomic characteristics. As a proxy for true health, we construct a disease index and control for a possible index shift. Under the assumption that women and men show differences in the prevalence of diseases and regarding the utilization of health care resources, we expect that gender differences exist in the reporting of health.
Data and estimation method

Data and descriptive statistics
For the following analysis, we use data from the representative German SAVE study, which is conducted by the Mannheim Research Institute for the Economics of Aging (MEA) and started in 2001. Originally, the longitudinal study on households' financial behaviour focused on savings and old-age provisions but now also includes aspects of health and health behaviour [16] . After the refreshment in 2006, the dataset contains responses from about 3.474 individuals. Through panel attrition, the sample reduces to 2.608 individuals in 2008. In our balanced panel, the total number of individuals is 2.452 after dropping individuals with missing information.
As is observable in other survey studies, item nonresponse can lead to problems for the analysis of those variables with non-responses as well as for the estimation results and covariance structures [16] . One possibility to deal with this problem is to delete all observations with non-responses reducing sample size and going along with a loss of statistical efficiency. In the SAVE data, missing values are estimated using a variant of the iterative multiple imputation procedure [17] . Hence, instead of one original dataset containing the missing values, we work with five completely imputed datasets for each observation year (2006) (2007) (2008) , where all missings are replaced by imputed values. 2 These datasets differ slightly with respect to the imputed variables and reflect the uncertainty about the true values of the missing attributes. For all datasets, five repetitions are used to generate each imputed dataset. This procedure increases the number of observations for men by about 10% and for women by about 13%.
For the analysis at hand, we use panel data for the years 2006-2008. Our dependent variable is the 5-point categorical variable self-assessed health, with 1 indicating a reported health status that is very bad and 5 showing a very good health status. As explanatory variables, we use socioeconomic characteristics like age, education, relative income position and labour force status. A description of the variables is presented in Table 1 . 3 To cover nonlinear age effects and to avoid an arbitrary definition of age categories, we group individuals into age quintiles. The lowest quintile consists of those individuals aged equal to or less than 37 years. The highest quintile contains respondents older than 67 years.
Moreover, health-relevant behaviour and experiences with a severe or chronic illness are included in the dataset.
The latter information is more related to sickness than the self-reported health. Following Kerkhofs and Lindeboom [6] , we objectify this illness reporting, resulting in a proxy variable reflecting the underlying ''true'' health. Therefore, we make use of the binary variable ''health problems'' 4 and run a Probit regression on a set of ten dummy variables, indicating various forms of diseases such as backache, cancer, heart problems, blood pressure or mental health, among others. By doing so, we are able to weight the impact of the different illnesses on the variable ''health problems''. Considering the structure of the dataset, we run this regression separately for every year and imputation. Regarding the aim of the paper, we make a distinction between men and women. The predicted probabilities are then transformed into the continuous variable ''disease index'' ranging from 0 to 100 with mean 50 and a standard deviation of 10. Furthermore, the use of this objectified variable goes along with more variation in the explanatory variables. The interpretation of this variable is as follows: a higher value of the index indicates a higher degree of multimorbidity. Values of the disease index above the mean point to relative more illness-related problems compared to the gender-specific average of the relevant year.
The results of various studies suggest that objective measures of health are conditioning factors for the reporting behaviour. For further analysis, our disease index as a measure of ''true'' health may be essential for the reporting of self-assessed health. The relation between our constructed index and the self-assessed health variable can be seen from Fig. 1 . It is obvious that a betterreported health goes along with a lower value of the disease index for women as well as for men. The box resembles 50 per cent of the data in the relevant health category. One striking result is that the box for the best health status (very good) is very narrow, which indicates that only variation in the values of the disease index exists. The median is marked by the vertical line within the box. For both genders in the category ''good'', the median is located at the left side of the box, which means the distribution is skewed. Concerning the lower two health categories, we observe some differences between women and men. First, the 50% boxes are smaller for men, and second, the median of women is above that of men. Hence, women show a larger spread of the disease index within the health categories ''bad'' and ''very bad''. With respect to the adjacent lines (whiskers), differences occur for the category ''very bad''. Here, the lower adjacent value is remarkably larger for men. The explanation is as follows: males reporting a very bad health status show a higher degree of multimorbidity. Hence, between the different categories of SAH, the distribution of the disease index varies for men and women leading to heterogeneity in the reporting of SAH. The summary statistics are presented for men and women in Table 2 . As can be seen for self-assessed health, no significant difference can be observed between men and women. Women tend to consume alcohol less frequently than men (13 vs. 32 per cent). For the highest education level, we find that high school and university degrees are more frequent among men. The same is true for full-time working. With respect to the income, we use different dummy variables to illustrate the relative income position of a household member [18] . For the age quintiles, the panel summary statistics shows a deviation of 20%. This is because we use a balanced panel and average thresholds vary between the observation years.
Index shift and cut-point shift
The effects of reporting heterogeneity may cause a shift in the mean or may affect the shape of the distribution and can be divided into an index and a cut-point shift [9] . An index shift is present when the distribution of our variable of interest shifts completely to the right or left but the shape remains unchanged. This implies a parallel shift of the associated threshold values. The relative position remains unchanged. An index shift may occur if in a specific cultural group all individuals are more reserved about their health evaluation and a switch from the full population to a subgroup is performed [9] . In case of a cut-point shift, thresholds depend on the individual response behaviour and the relative position changes. It is important to notice that the identification of cut-point and index shifts is crucial as long as the parallel shift in the thresholds cannot be separated from changes in their relative position. In addition, Hernández-Quevedo et al. [15] argue that the term 'index shift' is misleading. Instead, they state that the parallel shift in the distribution of health may be caused by a cut-point shift or by a shift in the underlying measure of true health.
Lindeboom and van Doorslaer [9] suggest a test procedure for both types of reporting heterogeneity. In their empirical model, they specify one equation for latent true health H* and one for the subjective categorical health measure H S . 
The first equation describes the reporting behaviour and the second the relationship between true health and its determinants. Here, H 0 is an objective health measure that is used as an instrument for true health, and a is the corresponding coefficient.
5 X 1 and X 2 are the respective sets of explanatory variables. Given that the cut-points vary with the values of the explanatory variables in the H S equation, they estimate separate models for k subgroups in their sample:
In this reporting equation, differences in the response behaviour between subgroups k may result in different ds (cut points) or as (index shift). The main problem is to distinguish between cut-point and index shifts. In their approach, Lindeboom and van Doorslaer focus first on the existence of a cut-point shift where the b 1 parameters are allowed to vary between the categories. If the hypothesis of equal coefficients is not rejected, then it is not identified whether changes in H S are due to an index shift or depend on changes in the underlying true health. The identification problem arises if the sets of explanatory variables cannot be separated for both reporting behaviour H S and true health H*.
To overcome this problem, Lindeboom and van Doorslaer [9] divide the explanatory variables in variables reflecting socioeconomic status and such indicating the individual health status. Therefore, they make the assumption that the individual health status is essential for the rating of a specific health situation. Hence, it follows that the objective health status is the conditioning variable in X 2 . Following this, splitting-up the set of explanatory variables resolves the identification problem stated earlier. This gives the possibility to identify cut-point shifts on the one hand and to separate between index shifts and true health effects on the other hand.
In our empirical strategy, we first test for a possible cut-point shift in the reporting of health. If we find a cutpoint shift in our objective health measure (disease index), then we can rule out the presence of an index shift. In Fig. 2 , the true latent health status is illustrated by the vertical line on the left. In this example, for each subgroup, the cut points for three hypothetical individuals (A, B, C) are displayed. Heterogeneity in the cut points is present between men and women as well as within these groups, which means that the cut points are individual specific.
Estimation approach
The variable self-assessed health is a five-point categorical variable. Underlying this observed variable is the latent health status of the respondent y*. Hence, ordered response models are often used as estimation procedure. Following the presentation in Boes and Winkelmann [20] and focusing on the cross-section case first, let y be the ordered categorical outcome, y [ {1, 2,…, J}. J denotes the number of distinct categories. The underlying structural model is then: 5 In their analysis, Lindeboom and van Doorslaer [9] use the health utility index (HUI3) in a quadratic specification as a proxy for the latent true health status.
I feel good! 257
Here, j j are the unknown threshold parameters and the bs are the unknown coefficients. 6 This means that the thresholds divide the real line (y*) into J categories. Depending on the underlying distribution function, ordered logit or, as in our case, ordered probit models can be distinguished.
Moreover, observable and unobservable factors influence the latent variable health. As in the ordered probit model, a constant variance of one is assumed, the mean of the latent variable y Ã i is unidentified [21] . As a consequence, it is necessary to set the constant of the regression to zero for identification purposes. 7 One obstacle to the ordered probit model is the single index or parallel regression assumption [21] . From Eq. 3, it follows that the coefficient vector b is the same for all categories j. This means that with the increase in an independent variable, the cumulated distribution shifts to the right or left, but there is no shift in the slope of the distribution. Hence, one can compare an ordered response model to one in which a set of binary response models with different intercepts is estimated. Such a change in the intercept leads to a shift in the probability curve but leaves the slope unchanged. Relaxing this assumption and allowing the indices to differ across the outcomes leads to the generalized ordered probit model. 8 Here, the threshold parameters are individual specific and depend on the covariates 9 :
where c j are the influence parameters of the covariates on the thresholds andj j represents a constant term. When combining the threshold Eq. 4 with the cumulative probability of the generalized ordered probit model, the coefficients of the covariates and the threshold coefficients cannot be identified separately if the same set of variables x is used.
It follows that b j = b -c j . 10 This approach leads to the estimation of J-1 binary probit models [23] . The first model estimates category 1 versus categories 2,…, J; the second model categories 1 and 2 versus 3,…, J. Equation J-1 then compares the choice between categories 1,…, J-1 versus category J. This specification allows for Fig. 2 Cut-point shift in the distribution of self-reported health. Source: see [19] 6 One assumption for the threshold parameters is that j j B j j?1 , Vj and that j 5 = ? and j 0 = -?. 7 Alternatively, j 1 could be set to zero. This would also identify the model. 8 Greene and Henscher [22] discuss aspects of heterogeneity in ordered choices and present a detailed description of the generalized ordered probit model. 9 The order condition in the generalized ordered probit model requires that the predicted probabilities are in the (0; 1) interval. 10 The generalized ordered probit model nests the standard ordered probit model with the restriction that
individual heterogeneity in the b parameters that leads to heterogeneity across the categories of the dependent variable.
For our panel data, we use a random effects generalized ordered probit approach [24] . More formally, let SAH be an ordinal variable that takes on the values y = 1,…, J. For the data at hand, i denotes the cross-sectional unit and t the time dimension. In contrast to the cross-section representation, the outcome probabilities are conditional on the individual effect a i :
Corr e it ; e is ½ ¼q ¼ r
As for the cross-section version of the generalized ordered probit model, the approach allows several of the b y to vary across the categories. Therefore, using panel data allows for the inclusion of two kinds of heterogeneity. First, unobserved individual heterogeneity is captured by our random effects specification of the ordered probit model. Second, differences in the cut points and therefore in the beta coefficients represent the observed heterogeneity in the reporting of the self-assessed health variable.
For the estimation of the random effects generalized ordered probit model, we combine an iterative procedure proposed by Williams [23] with the random effects estimation command regoprob by Boes [24] . 11 It is important to notice that a standard ordered probit model may violate the parallel-lines assumption while a full-variation model is often overspecified. As long as no underlying theory would suggest which variables violate the parallel-lines assumption, the best solution is to use an iterative fitting procedure. First, a totally unconstrained model (all coefficients varying) is estimated. Then, we apply Wald tests on each variable to test whether the coefficients differ across equations. The least significant variable is then constrained to have equal effects, the model is refitted with the identified constraints, and the procedure is repeated until only significant variables remain. Moreover, a global Wald test on the full model with constraints is applied that confirms the null hypothesis that the parallel regression assumption is not violated. Hence, our approach combines the detection of observed heterogeneity in categorical variables with the inclusion of unobserved individual heterogeneity using a random effects estimator. 12 Results Tables 3 and 4 present selected results from our estimation, differentiated for men and women. The full estimation results, containing constrained and unconstrained coefficients, are shown in the ''Appendix''. We outline the key results for those variables for which the parallel-lines assumption is rejected. For these variables, we can conclude the presence of a cut-point shift. The relevant variables causing this shift are responsible for the observed heterogeneity of SAH. In the tables, we display the results of two types of estimations. The last column contains the ordered probit estimation and the other four columns the results for the generalized ordered probit. The latter consists of four binary models. The first model estimates category 1 versus categories 2,…, 5, the second model categories 1 and 2 versus 3,…, 5 and so on. One has to emphasize that all of the explanatory variables enter the estimations but that only the presented variables in Tables 3 and 4 drive the observed heterogeneity. Moreover, other variables show a significant impact on the dependent variable.
One main finding from the generalized ordered probit estimation is that observed heterogeneity of self-assessed health is caused by different variables for men and women. Classifying explanatory variables into income-related, socioeconomic and health-related factors, the effects of health-related variables (smoking, alcohol consumption, disease index, doctor visits) vary between men and women, whereas income is only relevant for men. The socioeconomic factors (education) drive the observed heterogeneity in health reporting for women.
In a simple ordered probit estimation, the impact of income on SAH is weak or not significant for men. In contrast, generalized ordered probit estimates show that the assessment of individual health varies with income. In more detail, relative poor individuals tend to report a very bad or bad health status more often. However, for the highest health status (1-4 vs. 5), we obtain a positive effect of relative poverty on SAH. Moreover, the constrained variable precarious wealth goes along with a significantly negative effect on the reported level of health. In addition, 11 A complete description of the procedure can be found in [25] . The related user-written Stata program regoprob2 is available at the SSC archive. 12 The estimation with different imputations requires some caution with respect to the 'averaging' of the results (see [26] ). For the total results, it follows that the coefficient vector of the multiple imputation analysis is given by the mean of the single estimations while for the variance-covariance estimate one has to distinguish between the within-and the between-imputation variance-covariance matrix.
I feel good! 259 the impact of relative wealth is significantly positive. In the female estimation, all income variables are constrained. Within the group of variables causing heterogeneity for women, education (O-level and high school) has only a significant positive effect for those in satisfactory health conditions (categories 1-3 vs. [4] [5] . The standard ordered probit estimation shows no significant impact for the O-level. Compared to women with a rather low knowledge stock, the positive influence of education on SAH implies that the probability of being in a good health status increases with better education. The ordered probit model for women shows no significant impact of a university degree; this is the only training variable with significance in the male sample. Doing sports at least once a week (physical eff.) has a different impact for men and women. In the female group, the effect is constant and significantly positive; in the male group, the effect varies between the categories of SAH. Practicing sports lowers the probability for reporting a bad health status significantly while the effect on the highest health category is insignificant. Because physical inactivity is a primary risk for chronic diseases and obesity, sports can play a critical role in slowing the spread of such diseases, reducing their social and economic burden and hence saving lives.
Regarding health care utilization (doctor visits), one could hypothesize that 1 or 2 doctor visits in the last year have little impact on individual health status because these few visits have more or less preventive character. This view of health care demand can be rejected for men. While the ordered probit model suggests a significantly negative impact, the generalized model shows a negative effect only for the best health status (1-4 vs. 5). For the health effect of more than two doctor visits, one cannot give a clear-cut answer. Regarding 3-6 visits, we find a significantly negative impact for the two upper categories of SAH. Having more than 6 doctor visits in the last 12 months has the expected negative sign for all categories but only varies throughout the categories for women. Hence, reporting heterogeneity is found for doctor visits but with genderspecific characteristics. Our objective health measure disease index is varying both for men and women. All effects are highly significant and negative. The effect is strongest when comparing categories 1-3 with 4-5, resulting in a tendency to report a health status satisfactory or lower. Therefore, we are able to group individuals either into categories 1-3 or into categories 4-5. This means that health problems caused by different forms of illnesses and consequently multimorbidity lead to reporting heterogeneity. Relating to the underlying theory about index and cut-point shifts, the interpretation is as follows: as we find clear evidence for a cut-point shift for our disease index, we are able to rule out the possibility of a parallel shift in the thresholds (index shift). Hence, comparing illness-related questions and questions on self-assessed health leads to the conclusion that heterogeneity is driven by our objective health measure (disease experiences).
To sum up, the estimation of a generalized ordered probit for panel data strongly suggests that there are cut-point shifts in the distribution of self-assessed health. 13 The iterative procedure enables us to identify explanatory factors for which the parallel-lines assumption can be rejected. In detail, our estimations provide evidence that the variables causing observed heterogeneity in health status differ notably between men and women. As the generalized ordered probit estimation points out, incomerelated, socioeconomic and health-related factors suggest that reporting heterogeneity should be taken into account. Consequently, caution is necessary when using self-reported measures of health in empirical studies. Moreover, the results also suggest that the influence of the factors above should be considered when designing questionnaires. This could be done by integrating an additional control question for self-assessed health referring to diseases in the last 12 months, i.e. combining questions on the perception of health and on illness status.
Conclusion
How state dependent are individual answers about selfassessed health? A lot of empirical studies use self-assessed health, a qualitative five-point categorical variable, as dependent variable in an ordered probit model. In this paper, we express our doubts that a random effects ordered probit model is a suitable framework since this model neglects the fact that the classification into the five categories depends on socioeconomic as well as health-related variables. Moreover, the answering behaviour differs between female and male respondents. First, the results of a random effects generalized ordered probit estimation help to detect possible heterogeneity in reporting behaviour and second, to identify possible sources of heterogeneity. In contrast to a random effects ordered probit estimation, our approach combines the detection of observed heterogeneity in categorical variables with the inclusion of unobserved individual heterogeneity using panel data.
Our research contributes to the diversified literature on a possible reporting bias in self-assessed health. Unlike other studies, we do not focus on reporting behaviour in a special case such as labour force participation or income inequality. Instead, we show that heterogeneity may depend on gender-specific variables. Among others, experience with different kinds of illnesses may be one source of different reporting behaviour. In contrast to Lindeboom and van Doorslaer, we reject the hypothesis of a parallel shift for our objective health measure. Instead, we find strong evidence for cut-point shifts. Income as a possible source of heterogeneity may be more important for men than for women. Other gender differences exist with respect to the influence of education on the reporting behaviour of health. Our estimation approach helps to detect how socioeconomic determinants and health experiences diversely influence the individual reporting behaviour.
Hence, our evidence relates to the question of how a person answers health-related items in a questionnaire. Evaluating questionnaires from panel data surveys based on population subgroups or questionnaires from different countries comes with the risk of comparing apples with oranges if the problem of reporting heterogeneity is not adequately taken into account. Especially, the results of the disease index indicate that individual experiences in the past drive the answering behaviour. Thus, to control for heterogeneous responses to the SAH question, one option is to include objective measures such as individual illness episodes in the questionnaire.
14 Using such information is important to assess the correct health status, but this information has to be weighted in order to retrieve an objectified measure of health. Otherwise, one would explain the heterogeneity of self-assessed health with the subjective illness perception. Hence, our findings show that a widespread and common measure of health like SAH is prone to reporting heterogeneity and that objectified health indicators can be used to detect this bias.
For further research, it seems necessary to evaluate different approaches in objectifying additional indicators of true health. One way may be to capture the effects of the partner's health status and disease experience on the reporting of health. With such an approach, it might be possible to include potential psychological externalities in an empirical investigation. Moreover, as our results only represent German individuals, one has to ask whether the sources of observed heterogeneity differ across countries.
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